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ABSTRACT
Teleoperation of an articulated robot in dynamic and human-facing environ-
ments may require the operator to produce fluid, expressive, and human-like
motion. This work examines the performances and perceptions of two move-
ment profiles generated by different methods of teleoperation via an Xbox
One controller. The first method is a traditional method of control in which
the angles of individual joints are prescribed in a sequential fashion until
the desired configuration of the robot arm is achieved. The second method
of teleoperation is a choreography-inspired method of control named Robot
Choreography Center (RCC), which utilizes choreographic abstractions from
the Laban/Bartenieff Movement System to index a database of poses, al-
lowing for multiple joints in the robot arm to move simultaneously. The
two methods of control are compared to one another using performance,
perception, and preference metrics collected in two user studies: an in-lab
user study and an observer-based perception study. Success rates indicated
that both methods of control were over 80% successful for static tasks re-
quiring a specific end configuration while the choreography-inspired (RCC)
was an average of 11.85% more successful for dynamic tasks requiring a
transfer of momentum to achieve a desired task. These performance-based
studies showed that the choreography-inspired method facilitated improved
control over the robot even in functional tasks. Further analysis showed
that video game exposure was positively correlated with performance level.
The preference-based results from the in-lab study described the traditional
benchmark method as more precise, easier to use, safer, and more articu-
late while the choreography-inspired (RCC) method was identified as faster,
more fluid, and more expressive. These results led to the development of a
perception-based study of observers conducted on a new pool of participants
who were asked to select descriptive labels for the movement profiles gen-
erated by both methods of teleoperation for static and dynamic tasks. The
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two methods of control were described similarly when completing static tasks;
however, 45% of participants selected the word “human-like” to describe the
movement profile generated using the choreography-inspired (RCC) method
to complete dynamic tasks. Thus, these results provide initial ideas about
how qualitative descriptors of movement, such as “fluid” and “human-like”,
may be quantified and produced in teleoperated motion through parameters
such as number of joints moving simultaneously. Similarly, when comparing
the knee joints of both humans and robots, it appears that the natural system
has a greater number of points of simultaneous actuation. Future work could
further these quantitative models of human-assigned adjectives to motion.
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To complete dynamic tasks via teleoperation, the operator should be to able
to rapidly produce complex motion through high-level movement commands.
Additionally, with the increasing number of robots entering the workplace,
the relationship between the robot, operator, and observers provide a valu-
able design consideration for teleoperation schemes. Therefore, prior work
has created a choreography-inspired method of joint-space control aimed at
making it easier to perform improvised tasks with greater fluidity, but this
has not yet been validated. This work seeks to understand how concepts de-
rived from observing and recording dance – an often fluid and graceful form
of nonverbal communication – may affect the functionality of teleoperated
systems in dynamic human-facing environments.
Teleoperated robots are used in a variety of contexts with applications in
space and sea exploration, military and rescue missions, and robotic surgery
[1, 2, 3, 4]. Given the dynamic nature of these environments, it is impor-
tant that the human operators be able to communicate complex movement
commands to robots in an efficient manner. Therefore, rapid joint-space con-
trol in articulated artificial bodies may promote flexibility and functionality
in dynamic environments where the ability to produce fluid and human-like
movement qualities may be desired.
For teleoperated surgical robots such as the Zeus and the da Vinci, end-
effector position is specified through the hand movements of surgeons [4].
Once the end-effector position is specified, inverse kinematics (IK) may be
used to solve for the necessary joint angles for the robot arm. Several numer-
ical solvers exist for IK [5, 6, 7]; however, singularities may present them-
selves when multiple combinations of joint angles can be used to reach a
desired end-effector position, making a rapid solution difficult to produce [8].
Moreover, as the number of degrees of freedom increases for the robot, the
computational expense of IK also increases [9].
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Additionally, successfully teleoperating a robot is reliant on the ability of
the operator to swiftly provide commands using the given interface, as well as
maintain situational awareness and build mental models without the sensory
information afforded by physically experiencing the environment. This is fur-
ther complicated by the complexity of the system being controlled. When an
operator is forced to divide resources such as attention and cognition amongst
multiple movable units, performance deteriorates [10]. Issues with respect to
human performance in teleoperation are often categorized as either remote
perception or remote manipulation [11]. Innovative interface techniques have
improved performance by giving operators better situational awareness [12].
Research has sought to mitigate the effects of remote perception and manip-
ulation by developing various methods of transferring user input to robotic
output given a specific set of constraints [13]. Interfaces may include hand-
held devices such as phones [14] and PDA systems [15], control devices such
such as the traditional joystick, motion capture and gesture-based controls
[16, 17, 18, 19], or whole-body teleoperation [20]. Oftentimes, teleoperation
requires a negotiation between various desired features [21]. Teleoperation
interfaces such as motion capture and whole-body teleoperation translate
the motion of the operator to the motion of an artificial body in a more lit-
eral manner; however, these methods of teleoperation also require significant
amounts of space, as well as sensitive instrumentation. Meanwhile, movement
commands generated for articulated robots using pose specification, such as
the PackBot, usually specify individual joint angles in a sequential fashion,
which can be labor intensive and result in decreased command frequency
[22, 23].
In addition to function, teleoperation schemes may also consider the ex-
pression of the robot and its ability to produce engaging motion as valuable
aspects of the design. One method of achieving this goal is developing a
library of poses that define the position of the robot within space. This is
shown in [24], where a motion library is indexed to generate a desired trajec-
tory for an aerial vehicle with a supplementary algorithm adapting the path
to remain on the desired trajectory. This tool is also used within the learning
from demonstration community, which utilizes an ordered set of pose clusters
to perform tasks [25].
The increasing frequency of telepresence within human-facing environ-
ments presents an opportunity for richer human-robot interactions. Success-
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ful collaboration between humans in shared workspaces is dependent upon
the ability of individuals to engage in communicating intention through ver-
bal and nonverbal channels [26]. Additionally, human observers tend to in-
terpret actions as both intentional and goal-directed [27]. Previous work has
sought to provide artificial bodies ability to express intent through legible
motion, allowing humans to quickly and confidently predict the goal of the
motion [28]. This work further argues that legibility and predictability are
fundamentally different properties of motion, with legibility being the result
of inferring actions based on goal while predictability is the result of inferring
a goal from the trajectory being produced [29]. Thus, successful collabora-
tion between humans and robots involves both parties correctly interpreting
the intent of the other party and performing the corresponding assistive task
[30].
Affect is yet another medium through which humans are able to com-
municate an internal emotional state using both verbal and physical cues
[31]. However, verbal descriptions of affective experience are subject to dis-
tortions and omissions, making physical responses to stimuli a more fruitful
mode of communication [31]. Therefore, further support in human-robot col-
laborations may arise through the communication and reception of affective
state signalled through nonverbal communication. Previous studies have es-
timated the affective state using a two-dimensional valence-arousal represen-
tation generated from physiological signals such as heart rate, perspiration,
and facial muscle contraction exhibited by humans during human-robot col-
laboration [32]. Additional work utilized Laban Movement Analysis (LMA)
with the hopes of generating a systematic approach of adapting motion paths
through emotive labeling to facilitate the affective movement recognition [33].
The results of the study demonstrated an overall recognition rate comparable
to human perception with confusion occurring most frequently for emotive
labels with similarly high levels of arousal [33]. Although there are still ob-
stacles to be overcome, this represents a significant step towards representing
affect such that it may become another mode of communication utilized in
human-robot collaborations.
This line of research chooses to focus on the joint-space control for ar-
ticulated robots with the intent of understanding the necessary parameters
for generating natural and human-like motion. Prior work has developed a
system of motion specification for generating human-like movement across a
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variety of artificial bodies [34]. The system was then utilized in establish-
ing a new teleoperation scheme that was tested against a benchmark (JBJ)
method for a single user commanding a Rethink Robotics Baxter robot in
[35]. It was then further expanded to an in-lab user study that evaluated
the performance, perceptions, and preferences of teleoperators by comparing
their experiences in generating movement for an articulated robot with the
two methods of teleoperation [36]. Video recordings of successfully completed
tasks were then used in an observer-based study to understand the percep-
tions of non-operators and the descriptive labels assigned to the movement
profiles of the benchmark (JBJ) and choreography-inspired (RCC) methods
of control [37].
The rest of this work is structured as follows: Chapter 2 reviews con-
cepts from the Laban/Bartenieff Movement System (LBMS) that inspired
this work, as well as the prior work upon which this work is built; Chapter
3 discusses the experimental design and results of an in-lab user study con-
ducted to compare two methods of teleoperation through participant per-
formance, perceptions, and preferences ; Chapter 4 presents a subsequent
observer-based perception study; and Chapter 5 concludes the presentation
of this work, drawing connections between broader observations in natural
and artificial moving systems.
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CHAPTER 2
PRIOR DEVELOPMENT OF HUMAN-LIKE
MOVEMENT TELEOPERATION SCHEME
This section introduces the Laban/Bartenieff Movement System (LBMS) and
the concepts used to develop the system of motion specification [34], as well as
the choreography-inspired (RCC) method of teleoperation [35]. Additionally,
these concepts were used to train operators prior to teleoperating the robot
in the in-lab user study described in [36].
Humans rarely think of motion in discrete, quantitative terms such as
energy, angles, or time, but rather view motion in qualitative terms that
reference specific landmarks, curves, surfaces, or subvolumes of the body.
For example, when a gymnast is asked to perform an arched position, she
understands where her arms, torso, and legs should be placed in relation to
one another. She does not consider her body position to be half of an ellipse
along the major axis with a specific value of convexity. These manifolds
can then be used to generalize movement patterns across a collection of
individuals trained in the necessary vocabulary.
Multiple systems of notation and taxonomy have been developed to de-
construct complex movement so that it may be described in a concise manner.
The Laban/Bartenieff Movement System (LBMS) is one such language used
to describe and document movement. Its structure uses Effort, Shape, Body,
and Space to address the qualitative change of the body, the shape and vol-
ume of the body as it relates to its environment, the organization of the
whole body and each of its constituent parts, as well as the spaces in which
the body might occupy [38]. This system introduces a vocabulary that can
be harnessed to provided high-level movement commands that allow a move-
ment to be performed by multiple unique platforms with varying dimensions,
forces, and speeds. By leveraging this concept, the choreography-inspired
(RCC) method of teleoperation evaluated in this work may be thought of as
integrating the internal model of movement that the operator may possess
with the movement profile exhibited by the artificial body.
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2.1 Space-Body Maps Developed from LBMS
This work utilizes the Space and Body categories of the LBMS to prescribe
the movement of an artificial body. The movement scales generated by
Rudolph Laban to explore the pathways through space around the body
[39] are used as referential points to understand and characterize movement
[40, 41, 42]. Additionally, these scales are used to “install” the choreography-
inspired (RCC) movement specification system onto new platforms in [34]
and index pose commands in the teleoperation method developed in [35].
Within the in-lab user study described in Chapter 3, the relevant concepts
of kinesphere size, plane, and spatial direction are used to train participants
on the choreography-inspired (RCC) method of control.
In this work, kinesphere size was defined as the volume of space in which
a body part could move and four distinct kinesphere sizes were defined:
near-reach, middle-reach, far-reach, and further-reach. The near-reach kine-
sphere encompasses the space that is close to or touching the body while
the far-reach kinesphere correlates to the arm being fully extended. The
middle-reach kinesphere is defined as the region in between the near-reach
and far-reach kinespheres with everyday activities such as reading a book,
typing on a computer, or taking notes falling into the middle-reach kine-
sphere. Although not utilized in the study due to the inability of the Baxter
platform to locomote, the further-reach kinesphere was also defined as the
volume of space requiring whole-body translation in order to achieve the de-
sired position. A visual representation of the three kinesphere utilized by the
choreography-inspired (RCC) method of control is shown in Fig. 2.1a.
In addition to kinesphere sizes, spatial pulls were also defined as requiring
both plane and direction. Within any given given kinesphere, three longitudi-
nal planes exist: high plane, middle plane, and low plane. Additionally, eight
spatial direction can be specified for each plane: forward, backward, right,
left, and the diagonals in between. A visual representation of the planes and
spatial directions is shown in Fig. 2.1b.
This system explicates the idea that complex articulation is required in
order to move in any given space. LBMS requires that movers practice the
spatial scales in order to refine their access to space. This highlights an




Figure 2.1: Visual representations of a) kinesphere size and b) spatial pulls
provided to participants to understand the concepts used in prior work to
develop the choreography-inspired method of control [34, 35].
2.2 Description of Teleoperation Methods
This section details the benchmark method, which is referred to as the joint-
by-joint (JBJ) method of control and was inspired by the controls utilized by
soldiers in commanding the PackBot, as well as the choreography-inspired
(RCC) method of control, which was developed in [35] using concepts from
the Laban/Bartenieff Movement System (LBMS) that are explained in Sec-
tion 2.1. The mapping between the Xbox One controller and the Rethink
Robotics Baxter robot for both methods of control can be seen in Fig. 3.1.
Both methods are also described and utilized in [36, 35].
2.2.1 Description of Benchmark (JBJ) Method
The benchmark (JBJ) method of control is used as a baseline against which
the choreography-inspired (RCC) method of teleoperation is tested. Com-
mands are delivered to the robot in a joint-by-joint fashion, meaning that
individual joints are commanded in a sequential manner. Although this al-
lows the operator more precise control over the exact configuration of the
robot arm, individually controlling each joint requires additional time to cy-
cle through all the options to reach the desired pose. Moreover, prior work
determined that the average number of joints moving at any given time using
this method was approximately one [35], as shown in Fig. 2.2a. Although
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(a) (b)
Figure 2.2: Originally published in [35]. Number of joints moving with re-
spect to time for a) the benchmark (JBJ) method of control and b) the
choreography-inspired (RCC) method of control. The benchmark (JBJ)
method oscillates between zero and one joint while the choreography-inspired
(RCC) method ranges between zero and six joints moving at any specific time.
time consuming, the desired position can eventually be reached through the
sequential input of each parameter.
2.2.2 Description of Choreography-Inspired (RCC) Method
The choreography-inspired method of control, named Robot Choreography
Center (RCC), implements the concepts of kinesphere size and spatial pull
outlined in Section 2.1 to provide movement commands to the robot. These
concepts are used as areas towards which the arm of the robot should move.
This method of inputting movement commands allows for full limb mobility
without requiring a specific input for each joint. Prior work established that
approximately three joints are moving at any given time with the number of
moving joints ranging from zero to six [35], as shown in Fig. 2.2b. The motion
of multiple joints at any single moment produces more fluid movement, which
is achieved through rapidly indexing a database of stored poses that can be
imagined as points of interest to and through which the robot arm is able to
move. Given this method of providing movement commands, not every pose
in the robot configuration space is accessible due to the use of specified poses
rather than joint angles.
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2.3 System Implementation
The command structure detailed in this section was originated in [35]. Using
the Robot Operating System (ROS), the Rethink Robotics Baxter platform
was connected to the Linux workstation via ROS Kinetic. The robot acted as
the ROS Master and was connected to the Ubuntu Development workstation
using an ethernet cable. A ROS node, named joy, was used to connect the
controller to the operating system. An Xbox One controller was chosen for
this method of teleoperation due to its robust design, commercial availabil-
ity, and possession of the necessary controls for participants to experience
two distinct mental models of commanding movement with relatively little
confusion. Several application programming interface (API) functions from
the Baxter software development kit (SDK) were used to control the robot.
Based on the concepts detailed in Section 2.1, a database of each com-
bination of parameters (kinesphere size, plane, and spatial direction) was
constructed [35]. For each command provided via the Xbox One controller,
the corresponding data for the pose was extracted from the database and
sent to the robot, allowing for almost immediate visual feedback as to how




PERCEPTION, AND PREFERENCE OF
TELEOPERATORS
A comparison of the choreography-inspired (RCC) and benchmark (JBJ)
methods of controlling the Rethink Robotics Baxter robot was conducted us-
ing an in-lab user study, which assessed the performance of each teleoperator
with respect to success rate and average duration of successfully completed
tasks, as well as evaluated the perceptions and preferences of teleoperators
after attempting the same tasks for each method of control [36]. The follow-
ing sections in this chapter detail the experimental design and results of the
study.
3.1 Experimental Design
Two hours was allotted for each participant to complete the user study with
approximately one hour dedicated to each of the methods of control. For
both the choreography-inspired (RCC) and benchmark (JBJ) methods of
control, the concepts of each movement command structure were explained
and participants were asked to engage in a brief movement training that
gave them the opportunity to explore how the method of control applied to
their own body. After completing the movement training, participants were
asked to attempt four training tasks and four tasks used to determine the
compensation the participant would receive at the end of the study. Five
minutes was given for each training task while a maximum of three minutes
was given per evaluated task. Throughout the study, participants were asked
to complete a survey detailing their experience with both methods of control.
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3.1.1 Movement Training
Sports require hours of training in order to hone the necessary skills to cor-
rectly perform a set of specified tasks such as choreography in dance or skills
in gymnastics. Yet, before being able to adapt to any corrections made
by either a choreographer or a coach, the athlete must comprehend the the
unique lexicon being used to describe their movements. More importantly,
the athlete must be able to feel how each of the terms relates to their own
understanding of how individual body parts are organized relative to one
another. For example, when a gymnast is told to arch her body, she must
know that her hips should be placed anterior to her chest and thighs. Ad-
ditionally, her shoulders, hands, and feet should be positioned posterior to
her chest and thighs, respectively. Simply stated, she must know that arch-
ing requires her to activate her back and hamstring muscles more than her
abdominal and quadriceps muscles. As the gymnast practices moving in and
through the arched position, she is better able to control the degree to which
she should arch. This increased access to space allows her to more finely
tune her movements in order to perfect the skill which she is attempting to
perform. To mimic this type of practice, participants were asked to engage
in a short embodied movement training to help them better understand how
the terms used for each method of control related to their own internal model
of movement.
The benchmark (JBJ) and choreography-inspired (RCC) methods of con-
trol were randomly assigned to be either “Method 1” or “Method 2” for
each participant with seventeen participants being given the benchmark
(JBJ) method as Method 1 and twenty-one participants being given the
choreography-inspired (RCC) method of control as Method 1. This was
done so that additional information about the method could not be gleaned
from its name. For the benchmark (JBJ) method of control, the movement
training consisted of participants completing tasks by moving only one joint
at a time. These tasks included touching the left hand to the left shoulder
or placing one hand on a hip. Meanwhile, the movement training for the
choreography-inspired (RCC) method of control involved participants mov-
ing through the kinespheres and spatial pulls detailed in Section 2.1. Once
the concepts of each method were related to the individual’s body, the par-
ticipant was the corresponding mapping from Fig. 3.1, which provides visual
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representations of how the concepts for each method were mapped to the
robot using the Xbox One controller. After all pertinent information relat-
ing to the method of control were explained, participants were required to
pass a verbal test demonstrating their understanding before being allowed to
control the robot.
(a) (b)
Figure 3.1: Originally published in [36]. Description of controls and cor-
responding visual of the Baxter robot for a) the benchmark (JBJ) and b)
the choreography-inspired (RCC) methods. The left and right bumpers tog-
gle through joint options for both methods and the joysticks correspond to
the direction of movement. The directional pad indicated by the yellow line
specifies the plane while the face buttons indicated by the pink line provide
the kinesphere size of the movement command.
3.1.2 Teleoperation Tasks
To compare the benchmark (JBJ) and choreography-inspired (RCC) methods
of control, four tasks were developed in previous work with each task being
assigned the label of either one-arm or two-arm, as well as static or dynamic
[35]. In this work, success for static tasks is achieved when the robot arm
reaches a desired configuration. Meanwhile, the dynamics tasks used in this
work require movement of the robot arm such that a transfer of momentum
occurs to produce the desired result. Thus the four tasks tasks provided a
12
range of difficulty over which the two methods of control could be evaluated.
In order to practice teleoperating the robot with the concepts outlined
during movement training, participants were given four training tasks that
were related to the tasks for which their performance would be evaluated.
Participants were allowed a maximum of five minutes per training task before
being required to move onto the next stage of the user study. Once all four
training tasks had been attempted, participants were asked to complete a
post-training survey for the method of control. They then began the four
tasks for which their performance would be evaluated for a monetary value.
The maximum allotted time per evaluated task was three minutes. If the
participant was unable to achieve the task objective within the three minute
time period, their attempt was marked as unsuccessful and the robot was
reset for the next task. A visual representation of the setup for each of the
evaluated tasks is given in Fig. 3.2.
Task 1 required participants to move the right arm of the robot such that
the gripper passed through the interior of a hula hoop with a diameter of
23.5” hanging from the ceiling in front of the robot. Two additional pieces
of string were used to secure the hula hoop to the floor so that the region
of desired positions for the gripper remained constant. Task 2 required the
participant to move both arms of the robot such that both the right and left
grippers of the robot passed through their respective hula hoops. For both
static tasks, participants were informed that touching the hula hoop with
the arm of the robot three times or detaching the hula hoop from the ground
would result in the robot being reset. The remaining time could then be used
to attempt the task for a second time, but a second error would end the task
for the participant, even if time was still available.
Task 3 involved the participant commanding either the right or left arm
Figure 3.2: Originally published in [36]. The initial setup of each task in
the user study conducted: left – Task 1 and Task 2; middle – Task 3; right
– Task 4.
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of the robot to strike a balloon into a circular region with a 27” diameter on
a whiteboard placed in front of the robot. The balloon had a diameter of
6.5” and hung 42.5” below the ceiling. The length of the string from which
the balloon hung and the distance to the whiteboard were such that the
balloon could not be reach the whiteboard by fully extending the robot arm.
Thus, a transfer of momentum from the arm to the balloon was required
to successfully complete the task. Task 4 then added a barrier between the
robot and the balloon with the barrier hanging 32.75” from the ceiling. The
barrier was situated in such a way that one arm had to be used to move the
obstacle to the side before the second arm was able to strike the balloon into
the whiteboard. Two rules were associated with both dynamic tasks. First,
the participant could not use the string from which the balloon was hanging
to cause the balloon to hit the whiteboard. Second, the balloon could not be
pulled backwards such that it swung into the whiteboard.
Incentive Structure
A base compensation of $30.00 was given to each participant who finished the
study. For each task successfully completed within the three minute period,
the participant was awarded an additional $5.00. For the two-arm tasks
(Task 2 and Task 4), waypoints were designated: placing one arm through a
hula hoop and removing the obstacle from in front of the robot, respectively.
If the task was not completed, but a waypoint was achieved, the participant
earned $2.50. Prior work discusses successful strategies to achieve each task
[35]; however, participants were able to complete tasks with a variety of
approaches.
3.1.3 Hypotheses About Performance and Perception
Based on the experience of the researchers, several hypotheses about the per-
formance, perceptions, and preferences of the participants were developed.
We first hypothesized that the choreography-inspired (RCC) method of con-
trol would have a higher success rate for dynamic tasks such as Task 3 and
Task 4. Moreover, we hypothesized that exposure to video games would
affect participant performance with those who played video games daily or
weekly outperforming those who only engaged in video games on a monthly
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or yearly basis. With regard to the perceptions of participants, we predicted
that the choreography-inspired (RCC) method of control would be labeled
as more fluid and more expressive while the benchmark (JBJ) method of
control would be chosen to be safer and more precise. Finally, we hypoth-
esized that those who performed well throughout the study would prefer
the choreography-inspired (RCC) method of control while those who did not
might prefer the more straightforward benchmark (JBJ) method of control.
The questionnaire used to determine the perceptions and preferences of the
participants is detailed in the following section.
3.1.4 Questionnaire Design
After attempting each of the four tasks, participants were asked to complete
a NASA TLX survey [43, 44], which rates mental demand, physical demand,
pace, success, amount of effort, and discouragement on a scale from 0 to 20.
Once both methods of control were completed, participants were asked to
compare the two methods of control with the following thirteen questions:
1. Which method was faster?
2. Which method was more precise?
3. Which method produced more fluid movements?
4. Which method was easier to use?
5. Which method felt safer?
6. Which method felt more expressive?
7. Which method felt more articulate?
8. Which method did you feel a more embodied connection to the robot?
9. Which method did you prefer for Task 1?
10. Which method did you prefer for Task 2?
11. Which method did you prefer for Task 3?
12. Which method did you prefer for Task 4?
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13. Which method would you prefer for future tasks?
The study concluded with a brief survey that collected the demographic
information of the participant.
3.2 User Study Results
Thirty-eight participants from the University of Illinois were recruited through
fliers posted around campus. A table of their demographic information can
be found in Table 3.1, which highlights participant age, gender, educational
background, experience with movement, and exposure to video games. It
is important to note that while participants responded that they had expe-
rience in physical activities such as sports or movement practices, none of
the participants were acquainted with the concepts of the Laban/Bartenieff
Movement System (LBMS).
3.2.1 Performance Measures
While participants were compensated solely on their ability to complete tasks
within the specified three minute time period, both success rate and duration
of successfully completed tasks were used to evaluate the performance of each
method of control. The distribution of the compensation, and, therefore, level
of success, for the participants is shown in Fig. 3.3 and a visual representation
of the overall success rate of both methods of control for each of the four tasks
is given in Fig. 3.4a with the values listed in Table 3.2. Over 80% of the
participants were able to complete the static tasks (Task 1 and Task 2) for
both methods of control. Meanwhile, there was a sharp decrease in success
rate for the dynamic tasks (Task 3 and Task 4), which is reasonable given that
Task 3 and Task 4 were designed to be more difficult. Although there was
a distinct shift in level of success for the dynamic tasks, the choreography-
inspired (RCC) method of control was more successful for both dynamic tasks
with an average success rate 11.85% greater the the average success rate for
the benchmark (JBJ) method of control for the dynamic tasks.
As shown in Fig. 3.3, only one participant was able to achieve a perfect
performance by successfully completing all four tasks for each of the methods
of control. The profile of this participant is detailed in Section 3.2.4.
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In-Lab User Study Demographics
(n=38)
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Table 3.1: Table of information pertaining to demographics of in-lab user
study participants.
The second measure used to compare the performances of the two meth-
ods of control was the average duration of time required for to complete
each task. Although participants were asked to complete each task within a
three minute period, quicker task completion was considered more desirable
and was, therefore, noted in the comparison of the performances of the two
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Figure 3.3: Originally published in [36]. Normal distribution and histogram
of the performances (compensation) of the users with performance brackets
delineated by the shaded areas.
methods of control. The average time to successfully complete each of the
four tasks for both methods of control is reported in Table 3.2 with a visual
representation of the values shown in Fig. 3.4b. Although the average time
required to complete Task 3 for the benchmark (JBJ) method of control is
72.5s while the choreography-inspired (RCC) method of control required an
average of 80.88s, it is important to note that that the the success rate for
the benchmark (JBJ) method is 15.79% lower than the success rate for the
choreography-inspired (RCC) method of control. Therefore, both success
rate and time required to successfully complete a task must be weighed in
tandem to understand the strengths and weaknesses of both the benchmark
(JBJ) and choreography-inspired (RCC) methods of control.
JBJ RCC
Success Rate Task Duration Success Rate Task Duration
Task 1 97.37% 42.38s 100% 40.26s
Task 2 100% 64.66s 84.21% 84.78s
Task 3 5.26% 72.5s 21.05% 80.88s
Task 4 10.53% 141.5s 18.42% 117.86s
Table 3.2: Average success rates and task durations for both the benchmark
(JBJ) and choreography-inspired (RCC) methods of control for the four tasks
described in Section 3.1.2.
Analyzing the performance of both methods of control for each of the four
tasks reveals that the benchmark (JBJ) method of control is quicker and more
effective with regards to static tasks; however, it is less effective and requires a
longer period of time to complete dynamic tasks. Although the choreography-
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(a) (b)
Figure 3.4: Clarified presentation of performance measures from [36] for
both the benchmark (JBJ) and choreography-inspired (RCC) methods of
control displaying a) success rates and b) average duration for successfully
completed tasks.
inspired (RCC) method of control has a lower success rate for static tasks,
it still maintains a success rate above 80%, making it a plausible option
for tasks where a specific configuration must be achieved. Moreover, the
choreography-inspired (RCC) method of control was more successful when
attempting to complete dynamic tasks involving the exchange of momentum
since the method is capable of moving multiple joints at any given time.
Performance Variance Related to Video Game Exposure
Once the average success rates and task durations of both methods of con-
trol were evaluated for the entire participant pool, the performance measures
were then categorized by participant video game exposure to determine if
this was a key factor of participant performance. The deviation in average
success rate and successful task duration are illustrated in Fig. 3.5. Rela-
tively small variations are seen for Task 1 for both the benchmark (JBJ) and
choreography-inspired (RCC) methods of control. Meanwhile, the dynamic
tasks (Task 3 and Task 4) show positive deviations in success rate for par-
ticipants who play video games daily, as well as negative deviations in the
time required to successfully complete tasks. This indicates that participants
consistently exposed to video games were more likely to succeed in less time




Figure 3.5: Percent deviation from average success rate categorized by
frequency of video game exposure for a) the benchmark (JBJ) method of
control and b) the choreography-inspired (RCC) method of control and de-
viation (in seconds) from average task duration categorized by frequency of
video game exposure for c) the benchmark (JBJ) method of control and d)
the choreography-inspired (RCC).
3.2.2 Perception and Preference Measures
The perceptions and preferences of the participants were assessed using NASA
TLX surveys that were completed after each task for both methods of con-
trol, as well as the thirteen question comparison of the two methods pro-
vided in Section 3.1.4. The percent differences between the average self-
reported NASA-TLX scores for the benchmark (JBJ) and choreography-
inspired methods were then calculated, as shown in Table 3.3. Although
most differences between the NASA TLX scores were not statistically rel-
evant, the percent differences between the perceived success and effort for
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each method when attempting Task 2 yielded significant results. Partic-
ipants rated themselves 21.05% less successful for Task 2 when using the
choreography-inspired (RCC) method of control. Additionally, the perceived
effort required for Task 2 was 13.56% greater when using the choreography-
inspired (RCC) method. These results are consistent with the success rates
and task durations found in Table 3.2, which indicates the benchmark (JBJ)
method being 15.79% more successful for Task 2, as well as having an aver-
age task duration 20.12s less than the average task duration when using the
choreography-inspired (RCC) method of control.
NASA TLX Task 1 Task 2 Task 3 Task 4
Mental Demand 2.29% 8.88% 8.66% 7.24%
Physical Demand 0.00% 3.87% 8.41% 6.41%
Pace -3.87% 6.40% 1.20% -0.32%
Success -2.50% -21.05% 12.72% 4.90%
Effort 0.35% 13.56% 0.54% -0.79%
Discouragement 1.69% 12.27% 2.42% 3.33%
Table 3.3: Percent difference between average NASA TLX scores for bench-
mark (JBJ) and choreography-inspired (RCC) methods of control. Positive
differences indicate that the NASA TLX score for the choreography-inspired
(RCC) method of control was greater than the score for the benchmark (JBJ)
method of control. Statistically significant differences highlighted in green.
The responses of the comparison-based questions outlined in Section 3.1.4
are shown in Fig. 3.6. The orange shaded area indicates a 95% confidence
interval that was calculated using the following equation:
x̄± Z · s√
N
(3.1)
where x̄ is the mean of the data, Z is the value from the standard normal
distribution (1.96) for a 95% confidence level, s is the standard deviation,
and N is the pool size. If a column extends either above or below the con-
fidence interval, then it can be considered a statistically significant result.
Additionally, narrower confidence intervals indicate smaller standard devia-
tions. This means that fewer polarizations exist between the two methods of
control within the given context.
Participants responded that the benchmark (JBJ) method of control was
more precise, easier to use, safer, and more articulate while the choreography-
inspired (RCC) method of control was chosen to be faster, more fluid, as well
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Figure 3.6: Clarified presentation of prior work [36]. Depicts a compar-
ison between the benchmark (JBJ) and the choreography-inspired (RCC)
methods of control for the perceptions and preferences of all participants.
The questions on the x-axis refer to those listed in Section 3.1.4. The orange
shaded area represents a 95% confidence interval. Any column existing above
or below the bar can be considered statistically significant.
as more expressive. Moreover, participants favored the benchmark (JBJ)
method of control for static tasks (Task 1 and Task 2), as well as for potential
future tasks. However, deeper analysis into the perceptions and preferences
reveal that these responses are dependent on the performance levels indicated
in Fig. 3.3.
Perceptions and Preferences of Users With Similar Performance Levels
Once the overall perceptions and preferences of the participants were assessed
using the responses to the thirteen questions listed in Section 3.1.4, the data
was then categorized by performance bracket. The performance bracket are
structured as follows:
Bottom: 1st to the 25th Percentile
Middle: 26th to the 74th Percentile
Top: 75th to the 99th Percentile
The perceptions and preferences of each performance bracket are indi-
cated in Fig. 3.7, which illustrates the contrasting experience of top and bot-





Figure 3.7: Depicts a comparison between the benchmark (JBJ) and the
choreography-inspired (RCC) methods of control for perceptions and prefer-
ences using the responses from a) participants whose performance was above
the 75th percentile, b) participants whose performance was between the 25th
and 75th percentiles, and c) participants whose performance was below the
25th percentile. The questions on the x-axis refer to those listed in Sec-
tion 3.1.4.The orange shaded area represents a 95% confidence interval. Any
column existing above or below the bar can be considered statistically sig-
nificant.
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performance bracket. The overall perceptions of the two methods of control
stated in the previous section are more strongly presented in the responses
of the top performance bracket. Moreover, top performers held a statisti-
cally significant preference for the choreography-inspired (RCC) method of
control for dynamic tasks, such as Task 3 and Task 4. Meanwhile, the lowest
performance bracket demonstrated an elevated preference for the benchmark
(JBJ) method of control with statistically significant responses for all four
of the tasks performed in the user study, as well as a preference towards the
benchmark (JBJ) method for any potential future tasks.
3.2.3 Qualitative Comments
In addition to the NASA TLX and comparison-based surveys, participants
were able to provide comments about their experience teleoperating the robot
with each method of control. This feedback further supported the hypothe-
ses outlined in Section 3.1.3. Participants acknowledged that the benchmark
(JBJ) method of control required that the motion be “broken down into
more steps”. Furthermore, participants stated that the method was “rigid
and well-defined”, which meant that it had a “less steep learning curve”
than the choreography-inspired (RCC) method of control. However, due to
the rigidity and additional steps required to generate the desired motion, the
benchmark (JBJ) method of control was found to be “difficult [for achieving]
complex tasks”. Although the choreography-inspired (RCC) method of con-
trol involved a more taxing learning process, participants noted that it was
“more powerful in the long run” since it allowed for coordination between
multiple joints. Furthermore, participants described the movement profile
generated by the choreography-inspired (RCC) method of control as “more
natural and comparable to the way humans move”.
3.2.4 Profile of Participant with Perfect Performance
Of the thirty-eight participants who completed the in-lab user study, only
one was able to complete all four tasks for both the benchmark (JBJ) and
choreography-inspired (RCC) methods of control. The top performer was
a 22-year-old male pursing a bachelor’s degree in systems engineering with
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minors in sustainability and electrical engineering. Interestingly, the par-
ticipant had little to no experience with sports or movement practices, but
was exposed to computer-based video games on a daily basis. For any given
task, the difference between the task durations for the benchmark (JBJ) and
choreography-inspired (RCC) methods of control was no greater than 20 sec-
onds with the longest task duration being 92 seconds to complete Task 3
using the benchmark (JBJ) method of control.
The perceptions of the top performer matched the statistically significant
results described in Section 3.2.2. He identified the benchmark (JBJ) method
of control as more precise, easier to use, and safer than the choreography-
inspired (RCC) method of control, which he responded was faster, more
fluid, and more expressive. Notably, the top performer also indicated that
the choreography-inspired (RCC) method of control was more articulate, as
well as produced a more embodied connection to the robot. Additionally,
he preferred the choreography-inspired (RCC) method of control for all the
tasks presented in the study, as well as any hypothetical future tasks. He also
commented that the choreography-inspired (RCC) method of control “better
mimics the human body”.
3.3 Discussion
The analysis of the performance, perception, and preference data collected
through the in-lab user study supported our original hypotheses about the
two methods of control, as well as illuminated the advantages and disad-
vantages of each method. Both quantitative and qualitative measures were
collected by attempting the same four tasks for both the benchmark (JBJ)
and choreography-inspired (RCC) methods of control. The quantitative re-
sults demonstrated that the benchmark (JBJ) method was quicker and more
successful for static tasks characterized by a desired arm configuration while
the choreography-inspired (RCC) method provided superior performance in
dynamic tasks requiring a transfer of momentum. This was most likely due
to the increased number of joints moving at any given moment during the
task.
The quantitative results presented a stark contrast between the success
rates for static and dynamic tasks. Additionally, participants who had daily
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exposure to video games demonstrated greater success with decreased task
durations for Task 3 and Task 4. Although the dynamic tasks were designed
to be more difficult, the same amount of training time was afforded to both
static and dynamic tasks. In retrospect, five minutes was plenty of time
for participants to develop a successful strategy for accomplishing the static
tasks; however, the dynamic tasks required additional time for participants
to develop a successful path of motion for the dynamic tasks.
Qualitative feedback was collected by participants through self-reported
NASA TLX scores, as well as the thirteen-question survey comparing the two
methods of control. The responses obtained supported the original hypothe-
ses that the benchmark (JBJ) method of control would be viewed as more pre-
cise, easier to use, safer, and more articulate while the choreography-inspired
method of control would perceived as faster, more fluid, and more expressive.
The overall results presented significant preferences between the benchmark
(JBJ) and choreography-inspired (RCC) methods of control for the static
tasks (Task 1 and Task 2), but no significant preference for the dynamic tasks.
However, upon examining preferences based on performance bracket, top
performers were shown to prefer the choreography-inspired (RCC) method
of control for dynamic tasks. Meanwhile participants in the bottom perfor-
mance bracket preferred the benchmark (JBJ) method of control for all four






Further evaluation of the comparison between the benchmark (JBJ) and
choreography-inspired (RCC) methods of controlling the Rethink Robotics
Baxter robot was done by conducting an online observer-based study [37].
The movement profiles generated by the two methods of teleoperation were
compared using the perceptions of the observers collected through both the
free association of descriptive labels selected from a word bank and a forced
choice comparison.
4.1 Experimental Design
This study involved four sections: training, free association of descriptive
labels selected from a word bank, forced choice comparison of movement
profiles generated by the benchmark (JBJ) and choreography-inspired (RCC)
methods of control, and a final demographics survey.
The training section of the study provided brief introductory information
regarding algorithmic control and teleoperation of robots, as well as infor-
mation about the mechanics of the joints of Baxter robot. Participants were
required to pass a short quiz about the information provided in the training
section to ensure that the context of the videos shown in later sections was
appropriately understood.
4.1.1 Free Association
The free association portion of the survey asked participants to watch four
videos of tasks being successfully completed during the in-lab user study
described in Chapter 3. Both static and dynamic tasks were shown for both
methods of control. After reviewing these videos, participants were asked to
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select at least four words from the word bank shown in Table 4.1 to describe
the movement of the robot.
Word Bank
soft harsh fluid rigid precise
expressive dull natural artificial human-like
graceful jerky predictable unpredictable robotic
Table 4.1: Descriptive labels provided to participants, of which at least four
had to be chosen for each video shown.
4.1.2 Forced Choice
Next, the forced choice portion of the study asked participants to watch
videos of from the in-lab user study in which the tasks described in Chapter
3.1.2 were completed using both the benchmark (JBJ) and choreography-
inspired (RCC) methods of control. The participants were then asked to
answer the following questions:
1. Which method looks softer?
2. Which method looks more precise?
3. Which method looks more fluid?
4. Which method looks more expressive?
5. Which method looks more natural?
6. Which method looks more human-like?
7. Which method looks more predictable?
8. Which method looks more graceful?
The direct comparison of the movement profiles generated for each of
the methods of teleoperation augment the results from the free association
section of the study and provide a more well-rounded understanding of the
perceptions of the observers.
The survey concluded with a brief survey collecting demographic infor-
mation such as age, gender, native language, and familiarity with robots for
each participant.
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4.1.3 Hypotheses About Performance and Perception
Perceptions results obtained from the in-lab user study supported the hy-
pothesis that the choreography-inspired (RCC) method of control would
generate a more fluid and more expressive movement profile [36]. Given
this information, researchers hypothesized that the perceptions of observers
would follow those of operators with descriptive labels such as “fluid”, “nat-
ural”, and “human-like” more likely to be associated with the choreography-
inspired (RCC) teleoperation method. Meanwhile, the descriptive labels such
as “rigid”, “precise”, and “artificial” would be more likely to be associated
with the benchmark (JBJ) method of control. These hypotheses were tested
using both the free association and forced choice comparison sections of the
study.
4.2 User Study Results
Undergraduate students from the University of Illinois were recruited through
a course taught by Prof. LaViers. A table of the demographic information
provided by the thirty-eight participants is shown in Table 4.2.
4.2.1 Free Association
Participants assigned descriptive labels to the movement profiles of the bench-
mark (JBJ) and choreography-inspired (RCC) methods of teleoperation for
both the static and dynamic tasks developed in [35] and attempted by in-lab
participants in [36]. Fig. 4.1 depicts a graphical representation of the fre-
quency with which each word was chosen for each type of task. Additionally,
word clouds shown in Fig. 4.2 provide an alternative visual representation
for the frequency with which descriptive labels were chosen for the movement
profiles of the two methods of teleoperation completing dynamic tasks.
As shown in Fig. 4.1, the most frequent words selected to describe the
movement profiles of both the benchmark (JBJ) and choreography-inspired
(RCC) methods of control were “rigid”, “jerky”, “precise”, and “artifificial”.
These words were again used to describe the movement profile of the bench-




Age 21.5 ± 4.9
Race
White 26
Black or African American 0
American Indian or Alaska Native 0
Asian 6
Hispanic/Latino 1











Not At All Familiar 4
Table 4.2: Table of information pertaining to demographics of participants
of observation-based study.
“predictable” being added to the most frequently used descriptive labels. In
contrast, the words most frequently used to describe the movement profile
generated by the choreography-inspired (RCC) method of teleoperation when
completing dynamic tasks were “fluid” and “human-like”. This validates the
hypothesis that the choreography-inspired (RCC) method of control would
be more likely to be associated with descriptive labels associated with natural
movement.
4.2.2 Forced Choice
Participants were shown four sets of two videos playing simultaneously and
then asked to answer the set of questions detailed in Section 4.1.2. The
videos corresponded to each of the four tasks from the in-lab user study
being performed with both the benchmark (JBJ) and choreography-inspired
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Figure 4.1: Bar graph representing the frequency with which words from
Table 4.1 were used to describe the movement of the robot performing tasks.
(a) (b)
Figure 4.2: Visual representations of the frequency with which each word
from Table 4.1 was used to describe the movement of the robot performing
dynamic tasks. The size of the word within the word cloud represents the
relative number of times each word was chosen to describe the movement
seen in the video of a) a dynamic task being performed with the JBJ method
of control, and b) a dynamic task being performed with the RCC method of
control.
(RCC) methods of control. Fig. 4.3 provides a graphical representation
of the results with statistically significant columns being located outside of
the orange-shaded area indicating the 95% confidence interval. Thus, the
benchmark (JBJ) method of control was labeled as more precise while the
choreography-inspired (RCC) method of control was described as softer, more
fluid, expressive, natural, human-like, and graceful. Moreover, “predictable”
did not yield statistically significant results and, therefore, should not be
considered as a viable descriptive label for future work.
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(a)
Figure 4.3: Results of direct comparison between two methods of control.
4.3 Discussion
The same qualitative labels were used to describe the movement profiles
generated for both methods of control with the most frequently chosen words
being “rigid”, “jerky”, and “precise”. The apparent similarity between the
two methods of control for static tasks is most likely due to the timing of the
input commands provided by the operator. Since the static tasks required
the arm to travel a shorter distance with precision, commands were provided
in short bursts such that the time the robot arm was at rest increased. This
was most likely done to avoid touching the hula hoop while also achieving
the necessary configuration of the robot arm.
However, the labels used to describe the movement profiles generated by
performing dynamic tasks are of greater importance since the dynamic tasks
were designed to be a more realistic representation of the types of tasks faced
outside of a laboratory setting. Interestingly, the words used to describe the
movement profile of the benchmark (JBJ) method during dynamic tasks
evoked a similar sentiment to the static task with words such as “precise”,
“robotic”, and “predictable” being the most frequently used. This concurs
with the original hypothesis that the benchmark (JBJ) method of control
would be viewed as “rigid” and “precise” due to the separation of movement
for individual joints.
In contrast, the descriptive labels most frequently designated to the move-
ment profile generated for dynamic tasks being completed with the choreography-
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inspired (RCC) method of control were “fluid”, “human-like”, and “precise”.
This illuminates the ability of the choreography-inspired (RCC) method of
control to produce expressive and human-like movement more closely related
to natural movement.
The overall results of the forced choice section of the study further sup-
ported the hypotheses presented in Section 4.1.3 since the benchmark (JBJ)
method of control was labeled as more precise while the choreography-inspired
(RCC) method of control produced movement that was labeled softer, more
fluid, expressive, natural, human-like, and graceful. “Predictable” yielded
no statistically significant results and, therefore, should not be considered an
appropriate descriptive label for either teleoperation method. Thus, the re-
sults of this study supported the claim that the choreography-inspired (RCC)
method of control produced more fluid, natural, and human-like motion than




Complex articulation is necessary for an individual to move in any given space
and accessing the space needed to interact with a dynamic environment in a
meaningful way involves practicing movement and expanding the vocabulary
that one uses not only to describe, interpret, and record motion, but also to
experience it. Athletes, such as dancers and gymnasts, are amongst the most
skilled movement practitioners since they spend years attempting to perfect
their understanding of how to harness their bodies to complete increasingly
difficult movements. For a gymnast, the success of a movement is often de-
pendent on small tweaks to the mental model she is using to organize her
body. During a movement, she may need to adjust the degree to which her
body is arched. Although imperceptible to an untrained observer, the gym-
nast will be able to feel a difference in her body shape, leading to improved
performance. Therefore, experiencing movement and deepening one’s un-
derstanding of the vocabulary used to describe and experience it may allow
researchers to better quantify human movement and produce more fluid and
natural motion on artificial bodies.
This work has discussed a comparison-based assessment of two meth-
ods of teleoperation: a more traditional benchmark (JBJ) method and a
choreography-inspired (RCC) method of control. This assessment involved
analyzing the performances, perceptions, and preferences of teleoperators
through an in-lab user study, as well as the perceptions of non-operators
through an observer-based study. Further analysis of participant character-
istics demonstrated correlations between frequency of video game exposure
and level of performance, as well as variations in preferences related to the
performance level of the participant. Moreover, the observer-based study
identified the labels most frequently used to describe the movement profiles
generated by the two methods of teleoperation through both free association
and forced choice comparison.
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The choreography-inspired (RCC) method of control employs choreo-
graphic abstractions from the Laban/Bartenieff Movement System (LBMS),
which is used to observe, interpret, and record motion through the use of
specific vocabulary denoting high-level movement concepts. This allows for
a succinct description of the motion observed or desired such that trained
individuals are able to understand and perform the same motion, despite
each body being composed of different geometries and mechanical outputs.
Thus, the concepts hold promise for generating human-like motion for arti-
ficial bodies. When translated to a method of teleoperation, this allows the
operator to select from a list of high-level parameters such as kinesphere size,
plane, and spatial direction in order to control the movement of a robot. This
is contrasted by the benchmark (JBJ) method of control, which commands
the robot through sequentially manipulating the angle of individual joints.
Participants of the in-lab user study attempted the same four tasks us-
ing both methods of control to assess the performance, perceptions, and
preferences of teleoperators. The success rates of each method of control
indicated that both methods were viable for static tasks requiring a specific
end configuration with the benchmark (JBJ) method slightly outperforming
the choreography-inspired (RCC) method. Meanwhile, the choreography-
inspired (RCC) method of control was an average of 11.85% more successful
in completing dynamic tasks requiring an exchange of momentum. More-
over, the choreography-inspired (RCC) method was an average of 23.64 sec-
onds quicker in accomplishing Task 4, the most difficult task of the study.
Thus, the rapid pose selection exhibited by the choreography-inspired (RCC)
method of control demonstrates improved performance for the more difficult
dynamic tasks. The dynamic tasks presented were designed to more closely
replicate the dynamic tasks encountered in daily life. Therefore, this method
of teleoperation may be suitable for environments in which the ability to
improvise fluid motion is prioritized.
For robots to be integrated into dynamic, human-facing environments, it
is important that the perceptions and preferences of teleoperators and ob-
servers are evaluated to better understand the experiences of those who inter-
act with the robot. Both the in-lab user study and the observer-based study
sought to understand and validate the descriptive labels used to identify the
movement profiles of the two methods of teleoperation. Both studies utilized
a 95% confidence interval to determine statistically significant results. The
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perceptions of the teleoperators on the in-lab user study indicated that the
benchmark (JBJ) method of control was considered to be more precise, eas-
ier to use, safer, and more articulate. Moreover, the choreography-inspired
(RCC) method of control was deemed faster, more fluid, and more expressive.
These results were further supported by the perceptions of the participants
in the observer-based study, which indicated that the choreography-inspired
(RCC) method was softer, more fluid, expressive, natural, human-like, and
graceful while the benchmark (JBJ) method was more precise.
Thus, it appears that the choreography-inspired (RCC) method of teleop-
eration is suited for dynamic, human-centered environments in which rapid
and fluid movement is valued above repetitive accuracy for a single task. Ap-
plications for this method of teleoperation may include telepresent medical
care, space and sea exploration, as well as emergency disaster response.
The results of this work indicate that the average number of joints moving
at any given time affects the performance of the teleoperation scheme, as well
as shifts the perceptions of the movement profile generated such that the
movement is seen as more fluid, expressive, natural, and human-like to both
operators and observers. Future work may seek to identify other necessary
parameters in developing natural and human-like motion for artificial bodies.
Additionally, the descriptive labels that humans assign to the movement of
artificial bodies may be more deeply explored. By determining the necessary
properties in judging a motion as “human-like” or “robotic”, a broader range
of movement profiles may be generated, inspiring the development of more
expressive robots with richer human-robot interactions.
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